Abstract-An important challenge in the Internet of Things (IoT) is to provide real-time services on low-energy-supply devices. In this paper, we study joint queue-aware and channelaware scheduling of arbitrarily bursty traffic over multi-state time-varying channels, where the bursty packet arrival in the network layer, the backlogged queue in the data link layer, and the power adaptive transmission with fixed modulation in the physical layer are jointly considered from a cross-layer perspective. To achieve minimum queueing delay given a power constraint, a probabilistic cross-layer scheduling policy is proposed, and characterized by a Markov chain model. To describe the delay-power tradeoff, we formulate a non-linear optimization problem, which however is very challenging to solve. To handle with this issue, we convert the optimization problem into an equivalent Linear Programming (LP) problem, which allows us to obtain the optimal threshold-based scheduling policy with an optimal threshold imposed on the queue length in accordance with each channel state.
I. INTRODUCTION
Recently, the Internet of Things (IoT) is one of the most popular concepts since it provides us a vision, in which a number of intelligent devices and things will be connected to the Internet and share information [1] . The IoT such as sensor networks, wearable devices and vehicular Ad hoc network have applied to our daily life to provide real-time services like tracking, monitoring, e-healthcare and home and industrial automation system. In such applications, Qualities of Service (QoS) such as low latency is a key metric to measure the quality of serving delay-sensitive or time-critical applications. In the meantime, high energy efficiency is urgently required especially for devices which are usually powered by rechargeable batteries of finite capacities in IoT. However, there is a fundamental tradeoff between the average queueing delay and the average power/energy consumption. Intuitively, to reduce the latency, the transmitter would conduct transmission more frequently, which however would increase the probability of suffering bad channel states. Thus, much more power will be consumed. In general, it is very challenging to derive the delay-power tradeoff in wireless communication systems, considering the randomness of data packet arrivals, and the time-varying characteristics of wireless channels. In the last decades, the cross-layer design framework was proposed to deal with the uncertainties occurring at different layers. To our best knowledge, the idea of jointly combining the network-layer data arrival and the physical-layer data transmission was firstly presented in [2] , where the average transmission power is minimized under the constraints of peak power and average delay. In [3] , under the framework of cross-layer, Berry and Gallager aimed to regulate the average transmission power and average buffer delay by adapting users' transmission power and rate. Then, several basic cross-layer resource allocation problems, such as power allocation and rate adaption, were studied for wireless fading channels in [4] . Ata focused on the power minimization problem subject to the packet drop rate in [5] under the assumption of fixed channel state, Poisson packet arrival and exponentially distributed packet size. In the past years, a lot of works on the delay-power tradeoff analysis have been done by applying the cross-layer design approach.
In existing works, different optimization methods have been applied to achieve the optimal delay-power tradeoff. Network calculus was used to model energy-efficient transmission with deadline constraint in [6] , [7] . The authors proposed both offline and online algorithms named Lazy scheduling algorithms to minimize the transmission power given deadline constraint in [6] . Based on cumulative curves methodology, the optimal transmission policy for minimizing the transmission power under the QoS constraints was obtained in [7] . Dynamic Programming (DP) algorithm was used to derive the optimal scheduling policy in [2] , [3] , [8] . Besides, constrained Markov decision processes (CMDP) [9] , [10] was adopted to formulated the delay and power tradeoff. In [11] , with CMDP, the authors obtained the optimal policy to achieve the power and delay tradeoff for the considered single-user system and multi-user system.
More recently, we focus on studying the delay-power tradeoff in wireless transmissions from the perspective of cross-layer probabilistic scheduling. A probabilistic scheduling policy was proposed to achieve the minimum queueing delay under the constraint of transmission power in our previous [12] , where Bernoulli distributed packet arrivals was assumed and a two-state fading channel model were considered to model the blocking and non-blocking connections. In IoT scenarios, most devices collect or generate the data randomly.
To capture the influence of bursty network traffic, we studied the scenario of arbitrarily random packet arrival patterns in [13] . In these works, we proved that the optimal delay-power tradeoff can be achieved by applying the optimal scheduling polices which determine packet transmissions based on the optimal thresholds imposed on the queue length. As shown in Fig.1 , the wireless communication environment is complicate and time varying. It is necessary to consider a multi-state channel model. In this paper, we study the delay-power tradeoff in wireless packet transmissions of bursty traffic over multi-state wireless channels. In contrast to our previous works [12] [13], we propose a probabilistic cross-layer scheduling policy which schedules packet transmissions based not only on the queue length but also on the channel state. Using Markov reward process theory, we derive the expressions of the average delay and the average power, and formulate an optimization problem to describe the delay-power tradeoff. We show that the optimal scheduling policy still has the threshold structure. The major difference between this work and existing works lies in that the optimal threshold relies both on the number of backlogged data packets and on the channel state. Before detailed discussion, we introduce two symbols as ∧ = { , } and ∨ = { , }. Throughout the paper, the proofs of lemmas and theorems are omitted due to limited space.
II. SYSTEM MODEL
We consider a wireless communication system where the source node transmits to the destination over a time-varying wireless link. We will introduce the system model in a crosslayer design framework, i.e., packet arrivals of bursty traffic in the network layer, queueing behaviour in the data link layer, power control and wireless data transmission in the physical layer, as shown in Fig.2 .
Considering bursty traffic, data packets generated by higherlayer applications arrive at the network layer randomly. Let [ ] denote the number of packets randomly arriving in the To capture the burstiness and variability of realtime applications, we assume an arbitrarily packet arrival pattern, i.e., the number of newly arriving packets could follow any distribution. [ ] is assumed to follow an independent and identically distributed ( . . .) process. Thus, the mass probability function of [ ] can be characterized by
where
Corresponding to traffic shaping and admission control adopted in the system, the number of packets newly arriving in each time slot must be upper-bounded by a large integer , i.e., ∃ ⩾ 0, ∀ > , = 0. Since the distribution of [ ] shall be properly normalized, we have ∑ =0 = 1. The average packet arrival rate is obtained as
At the source node, a buffer is employed to store the packets which can not be sent immediately. Without loss of generality, we assume that the buffer capacity is sufficiently large and buffer overflow could be negligible. The queue state, denoted by [ ], is characterized by the number of packets in the buffer at the end of th slot. It is updated as
where [ ] denotes the number of packets delivered in the th time slot. We adopt a -state block fading channel model, where is a positive integer. That is, the channel state stays invariant during each time slot and follows an . . . fading process across the time slots. In each slot, the channel stays in one of states according to the current channel condition. Let
= 0 be the channel gain levels. If the channel gain in the th time slot ranges in interval [ , +1 ), we can say that the wireless channel is at ′ ℎ ′ . One can see that, the channel quality becomes worse with the increase of the index . Hence, ′ ℎ 1 ′ and ′ ℎ ′ represent the best and the worst channel condition, respectively. The mass probability function of random variable ℎ[ ] is described as
where Suppose that there exits a feedback channel through which the Channel State Information (CSI) is sent back from the receiver to the transmitter. Intuitively, the transmission power shall be adapted to the channel state to meet the bit error rate (BER) requirement at the receiver side. Let
(1 ⩽ ⩽ ) denote the power needed to transmit one packet successfully in the channel sate . Since more power is required to combat wireless channel fading when the channel condition is worse, it is reasonable to assume 1 < 2 < ⋅ ⋅ ⋅ < < ⋅ ⋅ ⋅ < . In our model, we consider fixed-rate transmission schemes which have been widely adopted in practice [14] . Without loss of generality, we assume the transmission rate is one packet per slot. Hence, there is at most one data packet can be delivered in each slot, i.e., [ ] ∈ {0, 1}.
In the cross-layer design framework shown in Fig.2 , the scheduler will schedule data transmissions based on the data arrival state [ ], the queueing state [ − 1], and the channel state ℎ[ ], as will discussed in details in the next section.
III. PROBABILISTIC SCHEDULING
In this section, we will introduce a probabilistic scheduling policy and establish a discrete-time one-dimensional Markov chain to model the queueing system.
A. Probabilistic Scheduling
To improve power efficiency, the transmitter should exploit a better channel state to deliver the packets since it will spend much less power. Thus, the source is more willing to keep silent till the channel state gets better. However, this may induce undesirable large latency to wait for good channel states, which is intolerable for serving delay-sensitive or timecritical traffics. To overcome this, some backlogged packets should be transmitted immediately at the cost of higher power consumption, even when the channel state may not be so good. Hence, the proposed scheduler would be designed to achieve the balance between the average delay and the average power.
In this work, a probabilistic cross-layer scheduling policy is proposed. We assume that, at the beginning of the th time slot, the channel state The scheduler decides to transmit one packet with probability { , , } or keep silent with probability 1 − { , , } . Assume that one of the packets newly arriving at this slot can be delivered immediately. In our system, it is not necessary to distinguish between the backlogged packets and the newly arriving packets. In this sense, the source will transmit one packet with probability + , ∈ [0, 1] based on the total number of packets in the buffer after one packet arrival, [ ] = + and the channel state,
′ ′ , the scheduling policy can be described as
where 
B. Markov Chain Model
Based on the description of the scheduling policy in Subsection III-A, a queueing system is modelled as a discretetime Markov chain, where each state represents the buffer state [ ]. Let , denote the one-step state transition probability from state 
where 0 ⩽ ⩽ and 1 ⩽ ⩽ ,
where 1 ⩽ ⩽ . ,0 is given by
In Fig.3 , we present the Markov chain model with = 2. In each time slot, the queue length is increased no more than due to one new data arrival, while decreased by one due to one packet transmission. ,0 is the probability that the queue length remains the same.
Matrix Λ is used to denote the ( +1)-by-( +1) transition probability matrix of the formulated Markov chain, in which, the ( +1, +1)th element is , . Specifically, Λ is given by 
Let denote the steady-state probability of the queue state being in . The stationary distribution of the Markov chain is denoted by
] , where the superscript denotes the matrix transpose. Vectors 1 and 0 are used to denote the ( + 1)-dimensional column vectors all of whose entries are zero and one, respectively. According to the property of the Markov chain, we have Λ = and 1 = 1. Hence, the stationary distribution is the solution to the following linear equations
where the generator matrix Q is given by (Λ − I). From Eq. (9) and Theorem 1, we can see that the steady-probability is determined by the scheduling parameters, i.e., the transmission probabilities.
IV. DELAY AND POWER ANALYSIS
In this section, we analyze the two fundamental performance metrics of our considered system, i.e., the average queueing delay and average power consumption.
When the stationary distribution of the Markov chain is obtained, the average queue length is expressed as { [ ]} = ∑
=0
. Then, according to the Little's Law [15] , the average queueing delay is obtained as = 
Lemma 1.
The conditional probability , are expressed as
With the conditional probability given by Eq. (10), the average power consumption is obtained as
V. OPTIMAL DELAY-POWER TRADEOFF
To find the optimal scheduling probabilities { + , |, 0 ⩽ ⩽ , 0 ⩽ ⩽ , 1 ⩽ ⩽ }, optimization problems are formulated to minimize the average queueing delay given the power constraint .
A. Optimization Problem
Based on the analyses in Sections III-B and IV, we know that the steady-probability and the power consumption are determined by the scheduling probabilities { + , }. To find the optimal scheduling probabilities, we formulate an optimization problem as follows: (12) is a nonlinear problem optimization problem with { + , } being its variables. It's rather difficult to solve it to obtain the optimal solution { * + , }. To make it tractable, we convert optimization problem (12) into an equivalent LP problem via variable substitution.
B. Formulation of Linear Programming Problem
To obtain an LP optimization problem, we introduce a set of new variables
In Eq. (13), +1− +1, is the probability of transmitting one packet, i.e., [ ] = 1, when [ ] = +1 − and [ ] = . Thus, , is the probability that there are packets backlogged in the queue after one packet is transmitted over channel state . With Eq. (13), we can derive the following two lemmas.
Lemma 2. The average queue length and the average power consumption can be transformed as
+1 is a constant. Lemma 3. Constraints (12.b,c,e) can be converted into the following constraints respectively.
.
From (15.a), we introduce a ( +1)× [ ( +1) ] -dimensional matrix , in which, the ( + 1)th row is denoted by +1 and given as ⎧ ⎨
In Eq. (16), +1 is a ( +1)-dimensional vector, in which, the ( + )th element is while other elements are zero. In this way, the steady-state probability can be linearly expressed by the set of parameters ,
where ( , ) is the ( × )th element of matrix .
Theorem 2. The optimization problem (12) is equivalent to the following LP problem.
min
C. Optimal Scheduling Policy Lemma 4. The optimal solution * , to LP problem (18) has a threshold structure described as *
where * is the threshold imposed on the queue length in channel state .
Comparing the optimal solution in Eq. (19) with the definition of , given in Eq. (13), we obtain the optimal scheduling parameters described in the following theorem.
Theorem 3. The optimal scheduling policy corresponds to a threshold-based policy. The optimal scheduling probabilities are given by
and
From Eq. (13), we know * +1, = * ( +1− )+ , , that is, the optimal scheduling probability is based on the total number of backlogged packets, which is updated after each packet arrival. Specifically, at the beginning of each slot, the scheduler collects the information of the channel * . It is not a trivial work to obtain a closed-form expression for the thresholds * . Fortunately, we can adopt many lowcomplexity mature algorithms to solve the LP problem (18). Based on the optimal solution to (18), we can obtain the thresholds * numerically. Hence, we still obtain the optimal threshold-based policy which simply depends on the optimal threshold on the queue state for each channel state. Based on the optimal solution, we derive the threshold-based policy as the optimal scheduling policy for delay-power tradeoff.
VI. NUMERICAL RESULTS
In this section, simulation results are given to validate the threshold-based policy. In the simulation, data packets are generated following a given probabilistic distribution { (⋅) } and the maximum size of the arrival packet is limited by = 2. We adopt -state block fading channel model with = 4. The probabilistic distribution of the which is defined as the probability of In Fig.4(a) , the transmission power is adopted to meet BER requirement 10 −3 . We plot the delay-power tradeoff curves under different packet arrival rates, i.e.,¯is set to 0.25, 0.3, and 0.35, respectively. We can see that the theoretical results are in good agreement with the simulation results. The delay-power tradeoff curve is piecewise linear in accordance to the threshold-based policy. Besides, the average delay decreases when the average power increases, and when the available power decreases and approaches zero, the queueing delay will increase dramatically and grow to infinity since the queueing system is unstable. Given the same power constraint, the queueing delay is larger for a higher packet arrival rate since more packet will be needed to be transmitted.
In Fig.4(b) , the BER requirement is set to 10 −3 . We present the delay and power tradeoffs under different variances of when the average arrival rate is fixed to be¯= 0.3. From  Fig.4(b) , it is observed that higher queueing delay is induced when the data arrival variance is larger in the case with the identical average data arrival rate. Due to higher busty arrivals, some packets have to wait for longer time before they are transmitted, which as a result, leads to a larger queueing delay.
In Fig.4(c) , the delay-power tradeoff curves are plotted in the scenarios that¯is set to be 0.3, and the target BER is set to 10 −4 , 10 −3 and 10 −2 , respectively. For a higher BER requirement, the scheduler has to use more power to transmit one packet for the same channel quality to make sure the packet can be received successfully. Thus, higher queueing delay will be if the power consumption is identical but the BER requirement is more strict.
VII. CONCLUSION
In this paper, we studied the power-constrained delayoptimal scheduling problem in IoT application scenarios, where an arbitrary packet arrival pattern and multi-state blockfading channels were considered. A probabilistic scheduling policy was proposed to schedule data transmissions overstate wireless fading channel based on the queue length and the channel state. The average queueing delay and average power consumption were analysed based on Markov reward process. Based on this, optimization problem was formulated to capture the delay-power tradeoff by optimizing the scheduling probabilities. Theoretical analysis revealed the structure of the optimal solution. We obtained the optimal threshold-based policy accordingly. It is found that an optimal transmission policy naturally takes action in line with the queue length and the channel state. It always seeks to exploit a good channel in the mean time keep the queue length short. At a result, thresholds are imposed on the queue for different channel states. Specifically, if the queue length is higher than the threshold, the scheduler should transmit to decrease the latency. Otherwise, it should keep silent to improve the energy efficiency.
